The hypothalamic arcuate-median eminence complex (Arc-ME) controls energy balance, fertility and growth through molecularly distinct cell types, many of which remain unknown. To catalog cell types in an unbiased way, we profiled gene expression in 20,921 individual cells in and around the adult mouse Arc-ME using Drop-seq. We identify 50 transcriptionally distinct Arc-ME cell populations, including a rare tanycyte population at the Arc-ME diffusion barrier, a new leptin-sensing neuron population, multiple agouti-related peptide (AgRP) and pro-opiomelanocortin (POMC) subtypes, and an orexigenic somatostatin neuron population. We extended Drop-seq to detect dynamic expression changes across relevant physiological perturbations, revealing cell type-specific responses to energy status, including distinct responses in AgRP and POMC neuron subtypes.
r e S O u r C e
The Arc is an evolutionarily conserved brain region with diverse roles in mammalian physiology, including energy homeostasis, reproduction and neuroendocrine control of growth hormone and prolactin release. Aside from its functional diversity, Arc is known for its unique anatomical relationship with the blood-brain barrier (BBB) 1 , which protects the cell bodies and dendrites of arcuate neuroendocrine neurons while allowing their axons to enter BBB-free areas of the adjoining ME; these axons release signals into fenestrated capillaries that carry blood to the pituitary. Blood-borne signals can also diffuse from ME to Arc, giving Arc privileged access to peripheral hormones, nutrients and other metabolic signals 1 . This access is dynamically regulated by tanycytes 2 . The tanycyte is a specialized type of ependymal cell lining the third ventricle that extends processes throughout the Arc and ME. Together the Arc and ME form an anatomically unique and functionally important complex, the Arc-ME.
The varied functions of Arc-ME are supported by molecularly specialized neuron subtypes. For instance, orexigenic AgRP neurons and anorexigenic POMC neurons control feeding 3, 4 , while kisspeptin (KISS1) neurons regulate serum luteinizing hormone levels 5 . Despite decades of research on Arc-ME, a complete census of its cell types is not available, with several functional Arc neuron populations having no known markers 6, 7 . Studies relying on immunohistochemistry or in situ hybridization have been limited by the number of proteins or transcripts that can be simultaneously visualized in individual cells and by a strong bias toward known markers. With recent advances in transcriptomic technology, however, thousands of cells can be profiled individually, enabling discovery of cell types with reduced bias (for example, refs. [8] [9] [10] .
Using Drop-seq we systematically catalogued cell types from in and around mouse Arc-ME, identifying 34 distinct neuronal populations (24 from Arc-ME) and 36 non-neuronal populations (26 from Arc-ME) from 20,921 individual cell profiles. We determined specific markers that can be used both to identify cell types and to infer their function. Among our findings, we uncover several distinct subsets of AgRP and POMC neurons, a new group of leptin-responsive neurons and an undescribed orexigenic role for Arc somatostatin neurons. We further used Drop-seq to assess cell type-specific responses to fasting and high-fat diet, revealing energy status-sensitive populations and reinforcing the functional heterogeneity of AgRP and POMC subtypes. Lastly, we show how the increased detail provided by such profiles improves the ability to connect genome-wide association study (GWAS) genes to relevant cell types. Together our results demonstrate how such a molecular census can be used to transform our understanding of a complex tissue and the biological processes it regulates. r e S O u r C e RESULTS Unbiased transcriptomics identifies 50 distinct Arc-ME cell types Using Drop-seq 8 we profiled 20,921 transcriptomes from acutely dissociated Arc-ME cells of adult mice under various feeding conditions: ad libitum access to standard mouse chow, low-fat diet or high-fat diet, as well as overnight fasting, with or without subsequent refeeding ( Fig. 1a and Supplementary Fig. 1a ). After correcting for batch effects, we performed principal component (PC) analysis, dimensionality reduction with spectral t-distributed stochastic neighbor embedding (tSNE), and density-based clustering ( Fig. 1a and Online Methods). Our initial analysis identified 20 distinct clusters (Fig. 1b,c) . Each cluster contained cells from each feeding condition and sample batch, indicating the transcriptional identities of these cell clusters are stable across those experimental conditions ( Supplementary Fig. 1a and Supplementary Table 1 ). Using expression patterns of cell typespecific marker genes, we assigned a single identity to each cluster: neurons (Tubb3 + ), ependymocytes (Ccdc153 + ), tanycytes (Rax + ), oligodendrocyte lineage cells (Mag + ), oligodendrocyte precursor cells (also known as NG2 cells), Cspg4 + ), macrophages (Aif1 + ), endothelial cells (Slco1c1 + ), mural cells (Mustn1 + ) and astrocytes (Gfap + ; Fig. 1d and Supplementary Table 2 ).
We also identified clusters of non-neural cells from tissues adjoining the Arc-ME-namely, vascular and leptomeningeal cells (VLMCs; Lum + ) 9 and pituitary cells from pars tuberalis (Tshb + ). Exemplifying our detection of new markers, we found that pars tuberalis cells the gene encoding cholecystokinin (Cck) at a high level ( Fig. 1d and Supplementary Fig. 1b,c) . Of note, CCK has been shown to control pituitary release of prolactin 11 , a well-known function of the pars tuberalis 12 .
In many cases, a previously described cell type was represented by more than one cluster. We detected oligodendrocyte markers (for example, Olig1, Cd9, Pllp) in four clusters, each corresponding to a distinct stage of oligodendrocyte differentiation 9 (Supplementary  Fig. 1d ). Neurons and tanycytes also formed multiple clusters, consistent with their known heterogeneity (see below). We subclustered each original non-neuronal cluster ( Supplementary Fig. 1e and Supplementary Table 3 ) to yield a total of 36 subclusters, revealing additional heterogeneity: for example, the mural cell cluster ( Fig. 1b) comprises pericytes and vascular smooth muscle cells (Supplementary Fig. 1f ) and a macrophage cluster ( Fig. 1b) consists of transcriptionally related microglia and perivascular macrophages ( Supplementary Fig. 1g ).
Our subclustering revealed eight clusters of ependymal cells (Vim + Sox2 + ; Supplementary Fig. 2a,b) . Ependymal cells line the ventricular surface of the hypothalamus and are broadly categorized as either ependymocytes, multiciliated cells that secrete and move cerebrospinal fluid, or tanycytes, monociliated cells with basal processes extending throughout the mediobasal hypothalamus and median eminence 1 . Tanycytes have a variety of functions, from glucose sensing and neurogenesis to controlling the chemical exchanges between brain parenchyma, cerebrospinal fluid and bloodstream 1, 13 . Studies in rodents have described four tanycyte subtypes (α1, α2, β1 and β2) occupying distinct regions along the third ventricle 13 (Fig. 2a) . While markers for these subtypes have been suggested 13 , it is unclear whether those markers truly distinguish between molecularly distinct cellular subtypes.
To trace the anatomical origin of our ependymal cell clusters, we cross-referenced the markers of each with in situ hybridization data from the Allen Mouse Brain Atlas (http://mouse.brain-map.org/) 14 .
We found many to be expressed in well-defined regions along the third ventricle ( Fig. 2b) , allowing us to assign each cluster to the ependymal cell subtype occupying those regions ( Fig. 2c) . Our results confirm and extend functional categorization of ependymal cell subtypes by anatomical position: we validated several ependymal subtype markers (Supplementary Fig. 2b ) and discovered new markers for each subtype ( Fig. 2d and Supplementary Fig. 2c,d) .
Our data nearly double the number of ependymal cell subtypes thought to exist ( Supplementary Fig. 2c,d ) and provide insight into each's possible functions.
While many genes were expressed in gradients along the third ventricle, some showed very restricted patterns of expression. For instance, Sprr1a was found only at the border between Arc and ME ( Fig. 2e) , where tanycytes are thought to form a diffusion barrier 1,2 .
Using an intravenous injection of Evan's blue to mark this diffusion barrier, we found that SPRR1A immunoreactive tanycytes were located precisely at the Arc-ME barrier ( Fig. 2e) . Small proline-rich (SPRR) proteins, including SPRR1A, are crucial constituents of the cornified envelope, the diffusion barrier in the skin 15 . By identifying Sprr1a as a specific marker for these tanycytes, our results provide a genetic means by which to develop tools for investigating the role of SPRR1A and Sprr1a + tanycytes in the Arc-ME diffusion barrier.
Neuron-specific clustering reveals new types and subtypes of known Arc-ME populations
At least six distinct types of neurons have been identified in the Arc-ME. Among these are two neuroendocrine populations, growth hormone releasing hormone (GHRH) and tuberoinfundibular dopaminergic (TIDA) neurons, that control pituitary release of growth hormone and prolactin, respectively. In addition, there are at least four types of centrally projecting neurons, including AgRP neurons and POMC neurons, which play vital opposing roles in energy balance, and kisspeptin/neurokinin B/dynorphin ('KNDy') neurons, which regulate fertility. Somatostatin (SST) neurons have also been described as distinct 16 , but their function is not well understood. Other functional types of neurons exist in the Arc-ME as well, including a thermogenic population known for its expression of the rat insulin II promoter (RIP)-Cre transgene as well as a leptin-sensing GABAergic population distinct from AgRP neurons that is critical for weight regulation 6, 7, 17, 18 .
To further characterize neuronal diversity in the Arc-ME, we performed additional rounds of clustering on the 13,079 neurons in our data set, identifying 34 clusters ( Fig. 3a,b and Supplementary Fig. 3a,b ) which we then annotated with a neuron cluster number (e.g., "n01") and candidate markers. Many of these clusters are defined by unique candidate markers ( Fig. 3c and Supplementary Table 4 ), though some lacked a unique marker and are annotated instead with a combination of markers. Two clusters, containing a combined 14% of the neurons in our data set, appeared to be heterogenous, lacking any strong and specific markers, and so are annotated as "unassigned." The reason(s) for lack of assignment are not clear but could include technical issues with sample quality or purity (suggested by the lower unique molecular identifier (UMI) and gene counts in this population), or could reflect true biological ambiguity. However, owing to a lack of specific markers or specific combination of markers for these neurons, we could not investigate them further.
Notably, we detected markers of all six previously described types of Arc-ME neurons (Agrp, Pomc, Sst, Kiss1/Tac2, Ghrh and Th). In total, 14 clusters expressed those markers (2 Agrp + , 3 Pomc + , 5 Sst + and 6 Th + clusters), revealing molecular heterogeneity even within well-studied arcuate populations. We observe clusters expressing both Th and Sst and both Agrp and Sst; these represent overlaps between Arc-ME neuron populations previously thought to be distinct. r e S O u r C e Also, while six of the neuron clusters are potentially dopaminergic (Th, little to no Dbh), only two of these expressed prolactin receptor (Prlr) and dopamine transporter (Slc6a3), representing true TIDA populations ( Fig. 3c ; clusters n03.Th/Sst and n08.Th/Slc6a3) 19, 20 .
To validate our clustering, we checked expression of genes previously shown to be enriched in AgRP neurons and POMC neurons, two well-studied Arc-ME neuron populations. While we detected leptin receptor transcript (Lepr) in both AgRP neurons and POMC neurons, Npy, Ghsr and Acvr1c were highly enriched in AgRP neurons, as were Cartpt, Htr2c and Calb1 in POMC neurons ( Fig. 4a) . Markers from our unbiased clustering therefore concur with previous studies of these neuron populations (for example, ref. 21 ).
POMC neurons have been shown to have functional heterogeneity 22 , but it is unclear whether these subtypes are transcriptionally distinct. Our analysis found three distinct subtypes of POMC neurons, each defined by a set of enriched transcripts (Supplementary Fig. 4) .
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Crym r e S O u r C e Some of these transcripts encoded secreted peptides, receptors and transcriptional regulators that may underlie their transcriptional identity ( Fig. 4b) . Notably, among POMC subtypes, Lepr is largely restricted to the n15.Pomc/Anxa2 subtype, whereas Htr2c is predominantly expressed by the other POMC subtypes (Fig. 4b) . Thus, these transcriptionally distinct subtypes of POMC neurons likely correspond to the leptin-sensing and serotonin-sensing (HTR2C + ) subtypes defined by previous studies 22 .
Roughly half the neuron clusters did not express markers of known Arc-ME neurons. These unknown clusters could represent neurons from outside Arc-ME, inadvertently included during dissection ( Supplementary Fig. 5a,b) . Indeed, we found transcripts enriched in eight neuron clusters, or 17% of all neurons, that the Allen Mouse Brain Atlas shows are expressed in regions neighboring Arc-ME, suggesting that these eight neuron clusters originated from neighboring regions: ventromedial hypothalamus ('SF-1' Nr5a1 + Fezf1 + ; Supplementary Fig. 3b ) and labeled according to expression of either a specific marker gene or a specific combination of marker genes. Clusters with gray labels most likely originated from regions surrounding the Arc-ME (see Supplementary Fig. 5a r e S O u r C e (Trh-IRES-Cre::AAV-DIO-mCherry) expression with phosphorylated STAT3 (pSTAT3) immunofluorescence, which marks leptin-sensing neurons 29 . Most mCherry + neurons in the Arc-ME were also pSTAT3 immunofluorescent after leptin treatment, confirming their sensitivity to leptin ( Fig. 5d ; 62 of 106 mCherry + neurons (59%) were pSTAT3 + ; n = 4 mice). Our results thus identify n11.Trh/Cxcl12 neurons as a GABAergic (Slc32a1 + ; see above) leptin-sensing Arc-ME population. Of note, we previously found that leptin controls body weight largely through its action on uncharacterized populations of non-AgRP GABAergic neurons that control the activity of POMC neurons 6 and AgRP neurons 18 . Our data strongly suggest that n11.Trh/Cxcl12 neurons may be one of these missing leptin-sensing populations, exemplifying how this transcriptomic resource can fill known gaps in Arc-ME knowledge. Future studies will address whether these LepR + TRH neurons provide synaptic input to POMC or AgRP neurons, as this circuit could be key to leptin-mediated control of body weight. Arc-ME contains neurons marked by the RIP-Cre transgene that are distinct from AgRP neurons and POMC neurons 17 . These socalled RIP-Cre neurons sense leptin and drive energy expenditure but do not affect feeding 7 . However, other than their lack of Agrp and Pomc expression, these RIP-Cre neurons are transcriptionally uncharacterized. We performed single-cell RNA-seq on RIP-Cre neurons manually isolated from acutely dissociated Arc-ME ( Fig. 5e) . As expected 7 , nearly all of the 25 RIP-Cre neurons we profiled appeared to be GABAergic, containing GABAergic marker transcript Slc32a1 (21 of 25 neurons), and roughly half had Lepr transcript (12 of 25 neurons; Supplementary Fig. 5e ).
To determine which Arc-ME neuron cluster(s) each RIP-Cre neuron was most similar to, we examined RIP-Cre neuron expression of Arc-ME neuron cluster markers and matched each RIP-Cre neuron to a Drop-seq neuron cluster on the basis of its expression of cluster markers. RIP-Cre neurons are quite heterogeneous, with individual neurons localized to ten different clusters, though 23 of 25 RIP-Cre neurons mapped to three distinct transcriptional clades ( Fig. 5f,g) . The most common clusters represented were n07.Arx/Nr5a2, n27.Tbx19 and n05.Nfix/Ht2rc. Of these, the only GABAergic cluster that expressed Lepr at a significant level was the n27.Tbx19 neurons ( Fig. 5c) , Supplementary Fig. 5c ; three clusters), suprachiasmatic nucleus (Rgs16 + , Supplementary Fig. 5c ; three clusters), tuberomammillary nucleus (Hdc + , Fig. 3c ; one cluster) and retrochiasmatic area (Oxt + , Fig. 3c ; one cluster). Conversely, another 24 neuron clusters (70% of neurons) expressed transcripts enriched in Arc-ME relative to neighboring regions, indicating these clusters likely came from Arc-ME ( Supplementary Fig. 4d ). The two unassigned clusters had heterogeneous expression of regional marker genes and could not be confidently attributed to Arc-ME or surrounding regions.
While inclusion of non-Arc neurons represents a dissection artifact, it is noteworthy for two reasons. First, the presence of cells from beyond the rostral, caudal and lateral boundaries of the Arc suggests that our samples included the full extent of the Arc. Second, the fact that non-Arc neurons clustered apart from Arc neurons indicates that regional identity genes strongly influence clustering and can be used post hoc to determine origin.
After excluding non-Arc neuron clusters and those expressing markers of previously described Arc-ME neuron populations, 12 neuronal clusters remained, representing newly identified types of Arc-ME neurons. Some of the markers identified for these types were previously detected in rodent Arc-ME but not known to mark distinct types of neurons (Qrfp, Nts, Trh, Tbx19; Fig. 3c ) [23] [24] [25] [26] . We highlight four of the neuron types here: n11.Trh/Cxcl12, n19.Gpr50, n26.Htr3b and n27.Tbx19 (Fig. 5a) . Allen Mouse Brain Atlas data confirm their marker genes to be transcribed in Arc (Fig. 5b) . Focusing on neuropeptides and receptor expression profiles, we found that one type, n19.Gpr50 neurons, expressed several receptor genes linked to energy balance, including ghrelin receptor (Ghsr), melanocortin 4 receptor (Mc4r), cannabinoid receptor (Cnr1) and calcitonin receptor (Calcr) (Fig. 5c ). In addition, n27.Tbx19 neurons were enriched for corticotrophin-releasing hormone 2 receptor (Crhr2) (Fig. 5c) , potentially linking these neurons with known cardiovascular effects of CRH2 receptor agonism in Arc-ME 27, 28 .
The n11.Trh/Cxcl12 cluster had the highest expression of Lepr among all Arc-ME clusters (Fig. 5c) 
Transcriptional relationship predicts anatomical and functional similarities between AgRP and SST neurons
We observed that GABAergic (Slc32a1 + ) neuron clusters n13.Agrp/ Gm8773 and n23.Sst/Unc13c were coenriched in several transcripts (Fig. 6a) , including those encoding a transcription factor (Otp) and the calcitonin receptor (Calcr) (Fig. 6a,b) . In addition, we found a cluster of neurons (n12.Agrp/Sst) expressing both Agrp and Sst at high levels (Fig. 6c) with a transcriptional profile that included both n23. Sst/Unc13c and n13.Agrp/Gm8773 cluster markers ( Supplementary  Fig. 6a) Fig. 6b,c) . To confirm that neurons coexpressing AgRP and SST exist in vivo, we compared fluorescent in situ hybridization (FISH) for Sst mRNA to Agrp-IRES-Cre::loxSTOPlox-GFP immunofluorescence, which marks AgRP neurons 33 . The results showed that 5% of AgRP neurons were Sst + (38 of 779 neurons) and 9% of Sst + neurons were AgRP neurons (38 of 442 neurons; Fig. 6d ), confirming that neurons coexpressing AgRP and SST exist in vivo. While these neurons represent a small minority of all Arc-ME AgRP neurons, our findings provide the first evidence for transcriptional subtypes of AgRP neurons. Of note, a recent study found that deleting Crhr1 from AgRP neurons alters hepatic glucose production and thermogenesis but not feeding or body weight 34 . Our data show Crhr1 to be expressed predominantly by the n12.Agrp/Sst subtype (Supplementary Fig. 6b ), predicting that this subtype mediates AgRP neuron control of glucoregulation and metabolism specifically. The transcriptional similarities between AgRP neurons and SST neurons led us to consider other potential similarities, such as in their synaptic circuitry and function. Previous studies in rat showed that Arc SST (ARC SST ) neurons and AgRP neurons both innervate the paraventricular hypothalamus (PVH) 35 . To confirm this in mice and further compare AgRP neuron and ARC SST neuron circuitry, we injected Arc-ME of Sst-IRES-Cre mice with Cre-dependent AAV-channelrho-dopsin2 (ChR2)-mCherry and examined AgRP immunofluorescence, thus visualizing ARC SST axons and AgRP axons, respectively. We found that ARC SST neurons and AgRP neurons had similar projection patterns, both innervating regions where AgRP neurons control feeding, such as the PVH, paraventricular thalamus and bed nucleus of the stria terminalis ( Fig. 6e and Supplementary Fig. 6d ) 36 .
The PVH is a major synaptic target of AgRP neurons in their control of feeding behavior 37, 38 . Since we observed ARC SST axons in PVH, we tested whether they form functional synapses on PVH neurons. Specifically, we performed channelrhodopsin-assisted circuit mapping 39 with mice in which ChR2 was selectively expressed in ARC SST neurons (see above; n = 2 mice). Photostimulating ARC SST axons in the PVH evoked time-locked postsynaptic currents in ~12% of PVH neurons (3 of 26), indicating that ARC SST neurons release fast-acting neurotransmitters onto a subset of PVH neurons (Fig. 6f) . Bath application of a GABA receptor antagonist, bicuculline, abolished the light-evoked postsynaptic currents, revealing the GABAergic nature of these synapses (Fig. 6f) . Thus, ARC SST neurons, like AgRP neurons, directly inhibit a subset of PVH neurons.
We next determined whether chemogenetic activation of ARC SST neurons could affect feeding, as has been robustly shown for AgRP neurons 4 . After injecting Arc-ME of Sst-IRES-Cre mice with a Credependent AAV expressing hM3Dq, a mutant G q -coupled muscarinic receptor 40 , we activated ARC SST neurons using the hM3Dq ligand, clozapine-N-oxide, (CNO; i.p.; n = 5 mice). Administering CNO to these mice acutely and significantly increased feeding (Fig. 6g) , thus establishing ARC SST neurons as a new orexigenic population whose activation is sufficient to drive feeding behavior. Notably, previous studies have shown that adult mice can recover 3 weeks after total ablation of AgRP neurons 41 . Whether this recovery results from an increased role of ARC SST neurons to compensate for AgRP neuron loss is a question for further investigation. Further experiments are also needed to determine which of the five Sst + Arc-ME neuron subtypes is or are responsible for the feeding phenotype we observed. Our gene expression data provide subtype-specific markers from which to design genetic tools to specifically manipulate each Sst + subtype ( Fig. 2 and Supplementary Fig. 6e,f) .
In vivo metabolic stress triggers generalized as well as cell type-and subtype-specific changes in gene expression Studies of how in vivo perturbations affect gene expression are typically performed at the tissue level, or at best on samples of cells pooled on the basis of transgenic reporter expression. Such studies may be limited by their dependence on the availability or fidelity of transgenic reporter animals and, more importantly, their presumption of homogeneity within a target cell population. Unbiased single-cell approaches such as Drop-seq have the potential to overcome these limitations but so far have been used mostly to parse cell types from complex tissues, where transcriptional differences are large and static. To find out whether dynamic transcriptional changes can be assessed, we performed Drop-seq profiling on Arc-ME from mice across different feeding conditions and energy states: ad libitum fed or fasted overnight, or 1 week of low-fat diet (10% calories from fat; LFD) or high-fat diet (60% calories from fat; HFD). We identified thousands of genes significantly up-or downregulated in response to fasting and HFD across individual non-neuronal ( Supplementary Fig. 7a and Supplementary Tables 5 and 6) and neuronal populations ( Fig. 7a and Supplementary Tables 7 and 8) . Generally, fasting induced a stronger transcriptional response than HFD (that is, greater number and amplitude of changes; Fig. 7a and Supplementary Fig. 7b) , and the neuron types most responsive to fasting also tended to be most responsive to HFD ( Fig. 7a ), suggesting energy state-responsive neuron types.
To globally validate gene expression changes, we compared them to a recently published RNA-seq study on pooled neurons marked by AgRP or POMC transgenic reporter expression 21 . We found strong correlations between AgRP neuron subtypes and pooled AgRP neurons, and between POMC neuron subtypes and pooled POMC neurons ( Supplementary Fig. 7c-f) , demonstrating that Drop-seq detects gene expression changes found by more conventional methods.
To further test whether the AgRP and POMC neuron subtypes we found are functionally distinct, we compared their transcriptional responses to fasting. While most genes changed similarly across the AgRP and POMC neuron populations (for example, Agrp, Pomc, Vgf), many were differentially regulated between their subtypes (Fig. 7b,c) . Some of these were fasting-sensitive genes identified in pooled AgRP and POMC neuron samples 21 , but which we found to be fasting-sensitive only in one subtype (in AgRP neurons: Bhlhe40, Gria3, in POMC neurons: Tmtc4 , Gm22426; Fig. 7c ). We also identified gene regulatory events that were discordant in different subtypes and had been missed in a bulk-tissue analysis, a benefit of the single-cell resolution of Drop-seq. For example, fasting did not significantly alter the r e S O u r C e activity-dependent synaptogenic marker gene Gap43 in published pooled data for AgRP neurons (FDR > 0.25) 21 , but Drop-seq analysis revealed that Gap43 was significantly upregulated by fasting in the n13.Agrp/Gm8773 neurons (FDR = 0.08) and significantly downregulated in n12.Agrp/Sst neurons (FDR = 0.04); Fig. 7c ; see also Btg2, Rin2). Overall, 647 genes had a highly significant (FDR < 0.05) change in expression in one AgRP neuron subtype but not in the AgRP neuron population as a whole. We found similar examples of subtype-specific transcriptional responses in POMC neurons, including the neuropeptide Y receptor gene Npy2r (Fig. 7c ; see also Dcdc2a, Tmem237, Coro7). In total, fasting altered expression of 42 genes to a highly significant degree (FDR < 0.05) in one or two POMC neuron subtypes that were not significantly altered in the whole POMC population. The observed differences in how individual AgRP and r e S O u r C e POMC subtypes respond to fasting underscores the necessity of a single-cell approach to identifying such heterogeneity and shows that our transcriptionally defined cell subtypes make distinct functional responses to the same stimulus.
While fasting affects a subset of genes in the two AgRP subtypes differently, the transcriptional responses of these subtypes were broadly similar to each other and different from responses of the POMC subtypes (Fig. 7d) . The POMC subtypes showed greater functional heterogeneity in their fasting responses, with the n14.Pomc/Ttr and n15. Pomc/Anxa2 subtypes showing high correlation and being distinct from n21.Pomc/Glipr1 neurons (Fig. 7d) . Extending these comparisons to all Arc-ME neurons (Supplementary Fig. 7g ), we found that AgRP neurons and n08.Th/Slc6a3 neurons had similar transcriptional responses to fasting that were distinct from those of other Arc-ME neurons. Specifically, AgRP neurons and n08.Th/Slc6a3 (TIDA) neurons strongly upregulated endoplasmic reticulum genes but not the ribosomal and protein translation genes upregulated by other Arc-ME neuron types. Fasting is known to activate AgRP neurons and TIDA neurons 42, 43 , which may explain at least some of the similarity in their transcriptional response.
Also of note, many of the fasting-induced changes in AgRP neurons were inversely regulated by HFD (Supplementary Fig. 7h) . A specific account of all responsive genes and gene sets is beyond the scope of this manuscript; although we focus on responses of a few neuron types to fasting and feeding, we provide differential expression data for all the Arc-ME cell types, many of which are known to be important in Tables 5-8 ). These data should provide a resource for identification of genes whose dynamic expression in specific cell types may be important for that cell type's functional response. Overall, these results show that singlecell profiling by Drop-seq can robustly and comprehensively detect changes in gene expression across perturbations, with unprecedented sensitivity, specificity and scale. Diet-sensitive cell types and genes yield an array of new translational targets for obesity treatment.
Cell-type specific expression profiles connect candidate GWAS genes to new cell types GWAS have uncovered thousands of single-nucleotide polymorphisms (SNPs) conferring disease risk, but determining the gene(s) each SNP regulates and the cell type(s) in which that gene acts remains a challenge and is a major barrier to deriving biological insight from such data. DEPICT (Data-driven Expression Prioritized Integration for Complex Traits) is an analytical tool designed to systematically prioritize tissue type(s) on the basis of enriched expression of GWASassociated genes 44 . Previously, body mass index (BMI) GWAS-linked loci genes were shown to have enriched expression in CNS tissues 45 . However, this analysis was limited by the tissue-level resolution of available expression data, and it remained unclear what specific CNS cell type(s) were involved. We therefore used DEPICT with our Drop-seq data to determine which, if any, of our identified cell types mediate GWAS signals for BMI.
Normalizing to the expression profiles of the other Arc-ME cell populations, we found significant enrichment of BMI-linked gene expression in neuronal, but not non-neuronal, populations (Fig. 8a) . This neuronal enrichment is specific, as it was not observed for anorexia, type 2 diabetes mellitus or waist-to-hip ratio GWAS loci, the last of which were previously shown to be enriched in adipose tissue and adipocytes 46 . To pinpoint the signal, we focused DEPICT on the Arc-ME neuron types and found two types, n25.Trh/Lef1 and n32. Slc17a6/Trhr, with significant BMI GWAS enrichment (Fig. 8b) . In addition to the BMI-linked genes, we also observe that these neuron types were enriched in expression of many previously described obesity susceptibility genes ( Fig. 8c and Supplementary Table 9 ) 47 . These analyses thus identify two types of Arc-ME neurons, newly described in this study, as clear candidates for future study in body weight regulation, and prioritize a set of obesity-associated genes whose regulation in these neurons may affect phenotype.
A parallel study from our laboratory also implicated the n32. Slc17a6/Trhr subpopulation in energy balance. Specifically, Fenselau and colleagues 48 identified a population of Slc17a6 + Oxtr + Arc-ME neurons that are both necessary and sufficient for satiety. Chemogenetic activation of Arc-ME neurons expressing Slc17a6-IRES-Cre and Oxtr-Cre rapidly suppressed feeding, a timescale not seen with similar activation of POMC neurons 48 . Our Drop-seq data show that, among non-POMC neurons in the Arc-ME, Slc17a6 and Oxtr are predominantly coexpressed by a single population, the n32. c BMI GWAS SNP-associated genes Obesity susceptibility genes r e S O u r C e Slc17a6/Trhr neurons. These results validate our DEPICT prioritization analysis, and together they suggest that, as in mice, Slc17a6/Trhr neurons control body weight in humans.
We also analyzed GWAS data for other phenotypes potentially related to Arc-ME function: growth (height), fertility (menarche, menopause) and glucose regulation (type 2 diabetes mellitus). We found enriched expression of menarche-associated genes in neurons, specifically the n04.Sst/Nts neuron type (Supplementary Fig. 8a,b) . Notably, Nts encodes neurotensin, a neuropeptide that can directly stimulate gonadotropin releasing hormone neurons, contributing to the luteinizing hormone surge 49 . We observed enrichment for menopause-associated genes in pars tuberalis, an endocrine population that includes cells expressing the reproductive hormones luteinizing hormone and follicle-stimulating hormone (Supplementary Fig. 8a) . Lastly, we observed highly significant enrichment for height-associated gene expression in multiple cell types, including endothelial, mural and VLMC populations, as well as in pars tuberalis cells and many neuron types (AgRP subtypes, n14.Pomc/Ttr, n20.Kiss1/Tac2, n22.Tmem215) ( Supplementary Fig. 8a,b) . These results agree with and refine previous DEPICT height analyses showing enrichment in cardiovascular, endocrine, skeletal, respiratory and urogenital tissues 50 .
DISCUSSION
We have extended unbiased single-cell profiling to a complex brain region with myriad important physiological functions. This approach reveals many Arc-ME cell types and subtypes not previously described, despite intensive study of this region. It is important to keep in mind that our cell-type census may not be complete. Our study may have missed rare cell types, cells that do not survive dissociation or particularly large cells that were filtered out of the cell suspension (see Online Methods). Nonetheless, we establish a resource that provides molecular profiles of many Arc-ME cell types in exceptional detail.
These data will enable rational design and discovery of tools to manipulate Arc-ME cell types with unprecedented specificity. We show for the first time, to our knowledge, that Drop-seq can assess dynamic transcriptional responses comprehensively across cell types in vivo and that our ab initio-inferred cell types respond differently to in vivo perturbations, affirming the close relationship between a cell's transcriptional and functional identities. Finally, we show how detailed cell type transcriptional profiles can unlock the full power of GWAS studies. Overall these studies suggest a multitude of testable hypotheses and provide the means to address them. We look forward to seeing how this resource is used to guide future studies.
METhODS
Methods, including statements of data availability and any associated accession codes and references, are available in the online version of the paper. The Drop-seq experiments used a total of 53 adult (4-12 weeks old) virgin male and female mice randomly assigned to experimental groups and processed in 5 sample batches (see Supplementary Fig. 1a) . Pubertal stage and day of estrous cycle were not determined. Mice were generated by crossing Agrp-IRES-Cre generation of Arc-me single-cell suspensions. Brains were rapidly extracted, cooled in ice-cold DMEM/F12 medium for 5 min and then placed, ventral surface up, into a chilled stainless steel brain matrix (catalog no. SA-2165, Roboz Surgical Instrument Co., Gaithersburg, MD). Using GFP fluorescence to demarcate the arcuate's rostral and caudal boundaries, brains were blocked to obtain a single coronal section containing the entire GFP + arcuate, ~2 mm thick. The Arc-ME was microdissected by knife cuts at its visually approximated dorsolateral borders and pooled by experimental condition. For example, in batch 5, we pooled tissue from all fasted males into a single sample before digestion and dissociation.
Pooled tissue samples were digested in papain solution with DNase for 1 h at 37 °C with gentle agitation, according to a published protocol 56 using an entire vial (≥100 units) of papain in a 1.6-mL final reaction volume. Digestion was stopped by dilution with EBSS #2 (ref. 56) , with 10% FBS used in place of the ovomucoid protease inhibitor. Tissue was centrifuged at 300g for 5 min, resuspended in the modified EBSS #2 and then gently triturated using a series of five Pasteur pipettes with tips fire-polished to incrementally smaller openings. The resulting cell suspension was divided between two microfuge tubes and diluted with Drop-seq buffer 8 to a volume of 1.5 mL per tube. Cells were then washed twice by centrifugation at 300g for 5 min, followed by resuspension in Drop-seq buffer. Drop-seq buffer consisted of 5% (wt/vol) trehalose, Hank's buffered salt solution (magnesium-and calcium-free), 2.13 mM MgCl 2 , 2 mM MgSO 4 , 1.26 mM CaCl 2 , 1 mM glucose and 0.01% bovine serum albumin (molecular biology grade). Cells were filtered through a 20-µm mesh, diluted to 220 cells/µL using cell concentration estimates from a hemocytometer and then kept on ice until use.
drop-seq generation of single-cell sequencing libraries.
Drop-seq was performed as in ref. 8 but with the following modifications: first, flow rates of 2.1 mL/h were used for each aqueous suspension and 12 mL/h for the oil 8 . Second, libraries were sequenced on the Illumina NextSeq500, using 1.7 pM in a volume of 1.2 mL HT1 and 3 mL of 0.3 µM Read1CustSeqB (GCCTGTCCGCGGAAGC AGTGGTATCAACGCAGAGTAC). Read 1 was 20 bp (bases 1-12 cell barcode, bases 13-20 UMI), read 2 (paired end) was 60 bp, and the index primer was 8 bp (on multiplexed samples).
drop-seq read alignment and generation of digital expression data.
Raw sequence data was first filtered to remove all read pairs with a barcode base quality of less than 10. The second read (60 bp) was then trimmed at the 5′ end to remove any TSO adaptor sequence and at the 3′ end to remove poly(A) tails of length 6 or greater, then aligned to the mouse (mm10) genome using STAR v2.4.0 a with default setting. Uniquely mapped reads were grouped by cell barcode. To digitally count gene transcripts, a list of UMIs in each gene, within each cell, was assembled, and UMIs within ED = 1 were merged together. The total number of unique UMI sequences was counted, and this number was reported as the number of transcripts of that gene for a given cell. All cell barcodes in which 800 or more genes were detected were used in downstream analysis, while the remaining cell barcodes were discarded, resulting in a 21,241-cell barcode data set.
Unsupervised dimensionality reduction and clustering. Mouse Arc-ME suspensions were processed through Drop-Seq in 11 separate groups over six separate batches (one batch per day), and each sequenced separately. Raw digital expression matrices were generated for the seven sequencing runs. The full 21,241 cells were merged together in a single matrix. Gene expression was normalized to library size and genes showing expression in >50 cells were retained for clustering. Before clustering, batch effect correction was performed using the removeBatch-Effect function of edgeR 57 . All calculations and data analysis were then performed in log space (that is, ln(CPM + 1)).
We used Seurat software to perform clustering as per ref. 58 . We identified genes that were most variable across the entire data set, controlling for the known relationship between mean expression and variance. We calculated the mean and dispersion (variance/mean) for each gene across all cells and placed genes into 300 bins on the basis of their average expression. Within each bin, we then identified outlier genes whose dispersion was greater than the median dispersion value plus the difference between the median and minimum dispersion. This process yielded a total of 2,251 significantly variable genes.
Principal component analysis was performed using the prcomp function in R, after scaling and centering the data along each variable gene. To distinguish PCs for further analysis, we plotted the cumulative variance accounted for by each successive PC. Such data display a 'knee' at a PC number after which successive PCs explain diminishing degrees of variance. Empirically, we found that downstream clustering analyses were optimized when using this PC cutoff. 25 PCs were chosen for further all-cell clustering analyses and used as input for t-distributed stochastic neighbor embedding (tSNE) 59 , implemented by the Seurat software package with the perplexity parameter set to the default, 30, as per ref. 8 . The tSNE procedure returns a two-dimensional embedding of single cells, with cells that have similar expression signatures of genes within our variable set located near each other in the embedding. To identify cell types, a density clustering we used a density clustering approach implemented in the DBSCAN R package 60 , setting the reachability distance parameter (eps) to 3.62. Clusters with fewer than ten cells and those containing expression markers for more than one canonical cell type (for example, neuron, oligodendrocyte, tanycyte), representing cell doublets (two cells in a single droplet), were removed. As a result of these steps, we were able to assign 20,921 cells (98.5% of our data) into 20 cell type clusters.
Average gene expression for each cluster was determined and Euclidean distances between all pairs was calculated, using this data as input for completelinkage hierarchical clustering and dendrogram assembly. To identify marker genes, we compared each of the clusters using pairwise differential expression analysis using Bioconductor package edgeR with settings recommended for data with batch effect as described in section 4.2 of the manual. For heat maps, cluster markers were considered if average FC expression compared to other included clusters was >2.
For subclustering, each cluster was iteratively clustered as above until post hoc testing of subclusters showed <10 genes showing average expression difference greater than 1 natural log value between clusters with a Bonferroni corrected P < 0.01), thresholds based on those of ref. 8 . For neuron subclustering, all cells from the six neuron groups from the initial clustering (clusters a13-a18) were first combined and then iteratively subclustered as above. Perplexity was set to the default (30) for all subclustering.
Statistical analysis. For differential expression between cell type clusters as well as for fasting versus fed comparison, we performed pairwise differential expression analysis using Bioconductor package edgeR with settings recommended for data with batch effect as described in section 4.2 of the manual. For 10% diet versus HFD comparison, edgeR was run with standard settings as these data were from a single batch. For heat maps, clusters showing at least one significant change (FDR < 0.25) in both directions were included. As edgeR does not account for gene dropout rate, we used the SCDE package, which adopts a Bayesian approach fitting individual error models to account for stochastic detection of low-expressing genes 61 . We performed SCDE on a subset of our data to compare detection of differentially expressed genes marking clusters (pair-wise comparisons of AgRP (n12 and n13) and POMC (n14, n15 and n21) subclusters, for which there are well-validated cluster markers). To reduce complexity to a manageable computation time, we used setting to model error using the nearest 100 cells (knn.error. models()) and modified batch correction methodology from Fisher's exact test to a chi-squared test to account for large number of cells.
Our results showed that fold changes are highly correlated across the statistical methods and that there is large overlap in significantly differentially expressed genes. When averaging across the ten comparisons, edgeR calls 69 ± 6% (mean ± s.d.) of the DEgenes that SCDE calls, and SCDE calls 49 ± 10% of the DE genes that edgeR does (mean ± s.d.) (FDR < 0.25 for SCDE and FDR < 0.001 for edgeR). For our benchmark set of marker genes, SCDE showed 92% sensitivity while edgeR performed at 100% sensitivity. We conclude from these results that edgeR performs adequately for Drop-seq differential expression analysis and recommend using a threshold of FDR <0.001 from the edgeR results we provide in Supplementary Tables 2-8 for determination of robust differential expression that are likely to meet statistical significance using the more stringent SCDE.
Food intake was analyzed with two-way ANOVA followed by Sidak's multiple comparisons test.
No statistical methods were used to predetermine sample sizes, but sample size in the feeding study is comparable to previous studies 4 . Data distribution was assumed to be normal but this was not formally tested. Other than the random assignment of mice to experimental groups, no randomization was performed. Data collection and analysis were not performed blind to the conditions of the experiments.
A Supplementary methods checklist is available.
Sex-of-origin prediction for cells from mixed-sex samples. For each of the batch 5 experimental conditions, cells were pooled before Drop-seq. To predict whether each cell came from female or male, we used the MLSeq package with random forest algorithm to determine a model for predicting sex of origin. Using 310 genes showing differential expression (edgeR, with FDR < 0.25, FC > 0.5) between sexes in both fasted and fed conditions in batch 6 (where sex is known), we created a model on 80% of batch 6 cells (randomly selected) using standard recommended options. The resulting model on batches 1, 2, 3, 4 and the remaining 20% of the batch 6 showed 90% accuracy, with equal rates of misassignment for male and female cells. gene ontology analyses. Gene set enrichment analysis was carried out using Bioconductor package RDAVIDWebService (https://www.bioconductor.org/ packages/devel/bioc/html/RDAVIDWebService.html). Hierarchical clustering of fold changes across clusters was performed, and all nodes including >10% of genes and <50% of genes were tested for enrichment in DAVID. Non-overlapping nodes showing the highest significance for a gene set were selected. The background set was defined as genes having at least one UMI across all samples 62 . Top scoring gene sets were chosen to include in figures.
Single-cell RnA-seq. Mice were anesthetized with isoflurane and then decapitated. Brains were quickly extracted and immediately chilled in ice-cold, carbogensaturated (95% O 2 , 5% CO 2 ) high sucrose solution (238 mM sucrose, 26 mM NaHCO 3 , 2.5 mM KCl, 1.0 mM NaH 2 PO 4 , 5.0 mM MgCl 2 , 10.0 mM CaCl 2 , 11 mM glucose). Chilled brains were sectioned coronally at 300-µm intervals on a Leica VT1000S Vibratome (Leica, Wetzlar, Germany) and incubated in oxygenated artificial cerebrospinal fluid (aCSF; 126 mM NaCl, 21.4 mM NaHCO 3 , 2.5 mM KCl, 1.2 mM NaH 2 PO 4 , 1.2 mM MgCl 2 , 2.4 mM CaCl 2 , 10 mM glucose) at 34 °C for 30 min. The Arc-ME was visualized by fluorescence stereoscope, microdissected and then enzymatically dissociated as described above, except signals on sex chromosomes were omitted from the analyses. Normalized Arc-ME single-cell expression data were averaged across Seurat clusters, mapped from mouse gene symbols to mouse Ensembl 73 gene identifiers (using Ensembl version 83) and to the human Ensembl gene identifiers (using Ensembl version 82). Mouse gene identifiers mapping to several mouse Ensembl identifiers were discarded and the human gene with the highest degree of mouse homology was retained in instances where a mouse gene mapped to several human genes. Expression levels of mouse genes mapped to the same human gene were averaged. The resulting cell cluster Arc-ME gene expression levels were transformed to standard normal distributions before the DEPICT analyses. DEPICT was run using default settings.
code availability. Code is available at https://github.com/perslab/ campbell-2017.
data availability. The data that support the findings of this study are available from the corresponding author upon reasonable request. Raw and fully processed single-cell RNA-seq data on RIP-Cre neurons are available at GEO accession code GSE90806. Raw Drop-seq data and processed DGE files are available at GEO accession code GSE93374.
